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Abstract


A digital economy parallel with green development holds profound significance for achieving sustainability. The primary objective of this study was to explore the synergistic interaction effects between the digital economy and green development in China and forecast their future development. This study analyzed the spatio-temporal characteristics of provincial digital economy and green development in China by integrating a combined assignment method, an unconditional spatial kernel density estimation method, and a standard deviation ellipse model. The interplay between the digital economy and green development was examined using a panel vector autoregression model. Additionally, digital economy and green development levels were forecasted using univariate time series and radial basis function kernel ε-support vector regression models. The results indicate that both the digital economy and green development levels in China exhibited an upward trend from 2013 to 2021, with the digital economy increasing at a faster rate. However, both domains demonstrated regional disparities in their development processes. The mutual interaction between the digital economy and green development intensified as the lag period increased. The digital economy contributed 21% to green development, whereas green development contributed 18% to the digital economy. The initial effect of the digital economy on green development was negative, however, this impact gradually diminished over time. Additionally, the influence of green development on the digital economy was shown to follow a consistent trend of transitioning from negative to positive across the eastern, central, and western regions. Therefore, it can be seen that the digital economy exerts a sustainable impact on green development, albeit with a one-phase lag. This research provides a scientific basis for the deep integration of the digital economy and green development, thereby fostering sustainable socioeconomic growth.
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1. Introduction


Digital and green development represent pivotal directions steering human society forward. The digital economy (DE) serves as a substantial driver of global economies [1], catalyzing the continuous transformation of both the global economy and society [2]. As a dominant global trend and burgeoning center of economic growth, GD is an essential prerequisite for high-quality development [3].



The realization of green development (GD) has emerged as a pivotal goal within the government’s economic development plans as China transitions toward a new phase of comprehensive, high-quality growth. The DE, as one of the most dynamic sectors in China, stands out as a key hub promoting high-quality economic development [4]. Recently, China’s DE has experienced rapid expansion, marked by the deep integration of digital and real economies and the transformation of information into tangible industrial progress, thereby exerting a profound influence on regional sustainable development [5]. Research revealed that a 1% increase in China’s DE corresponds to a 0.50% rise in GD levels [6]. Effectively harmonizing the intricate relationship between DE and sustainable development has emerged as the linchpin for realizing China’s economic sustainability ambitions.



Since the concept of the DE was introduced in 1996, it has emerged as a prominent research hotspot. In the early stages, research primarily focused on enriching the understanding of the essence of the DE and delineating its scope [7,8,9,10,11]. As research progressed, interest surged in constructing an evaluation framework and measuring the DE [12,13,14,15,16,17]. Recently, studies on the role of the DE in promoting high-quality and sustainable growth across various industries have attracted growing interest, spanning fields like marine fisheries [18], agriculture [19], and tourism [20]. Additionally, to capture the development trends of the DE, forecasting research has garnered interest [2].



Extensive research on GD has been undertaken by scholars. To refine the concepts associated with GD, scholars have delved into the scientific implications of GD [21,22]. However, the research content exhibits variations in focal points. Therefore, constructing appropriate evaluation index systems based on distinct research objectives is essential [23] as it allows for the precise assessment of GD levels [24,25,26,27,28,29,30]. Furthermore, scholars have proposed targeted research to advance GD, grounded in their empirical findings [31,32].



Studies concerning the DE and GD have primarily focused on how the DE influences GD. Certain scholars believe that the DE exerts a favorable influence on GD. As an emerging economic model, the DE has the characteristic of environmental friendliness [33] as it can reduce carbon emissions by increasing the energy efficiency, advancing energy structure transformation [34], promoting industrial upgrading [35], and strengthening environmental regulations and technological R&D [36]. Moreover, the DE enhances carbon emission efficiency through the quality of industrial structure adjustments [37] and the mediating effect of green technological innovation [38], ultimately achieving the goal of green sustainable development. Nonetheless, alternative viewpoints have been suggested in other research. In cases of high green energy efficiency, the DE may, paradoxically, increase carbon emissions [39]. Furthermore, in regions with lower technological levels, the DE is unlikely to fully realize its emissions reduction potential [40]. More complexly, while the DE drives industrial upgrading and population agglomeration, this shift may increase carbon emissions due to the “masking effect” [41]. A small body of literature has also examined the relationship between the DE and GD from a static perspective, demonstrating a coordinated coupling relationship between the two. Specifically, GD is argued to guide the digital economy’s green transition through four dimensions: green growth, green welfare, green wealth, and green governance [42]. Additionally, scholars have suggested that ecological upgrades reduce the cost of building digital infrastructure, facilitating the expansion of the digital economy and the adoption of digital technologies [43].



Existing research on the DE and GD has predominantly centered on measuring the levels of DE and GD or examining the unidirectional impact of DE on GD. Only a few studies have explored their static relationship. In addition, there are few studies on the forecasting of the DE. Given the significance of the DE to GD and the limitations of existing research, this study aimed to: (1) observe the spatio-temporal dynamics characteristics of the DE and GD in China from 2013 to 2021; (2) investigate the dynamic interplay between the DE and GD and the impact of the DE on GD; and (3) provide recommendations for the effective integration of the DE and GD. To fulfill these objectives, a combination assignment method was employed for comprehensive evaluation. The spatio-temporal characteristics of provincial DE and GD were analyzed by integrating an unconditional spatial kernel density estimation method and the SDE model. The interplay between the DE and GD levels was explored using a PVAR model, and GD levels were forecasted using univariate time series and RBF kernel ε-SVR prediction models.




2. Materials and Methods


2.1. Study Area


China was chosen as our study area, since it is the largest developing country. It has experienced a significant growth in the DE, which grew at a rate of 16% in 2021, and is pursuing a green transformation [44]. The province was treated as the basic unit in this study. Thirty provinces in total were selected, except for Tibet, Hong Kong, Macao, and Taiwan, due to the limitation of data collection.




2.2. Comprehensive Evaluation of DE and GD


2.2.1. Evaluation Index System


To assess the levels of DE and GD, evaluation systems were developed. A consensus on the evaluation metrics for the DE and GD has not yet been reached in the academic community. The development of the DE is primarily driven by digital industrialization and the digitalization of industries. Its infrastructure is considered as a crucial factor in advancing green economic development [45]. Drawing on the three dimensions, the evaluation index system for the DE was developed with reference to the localized DE indicators proposed by the China Academy of Information and Communications Technology (CAICT) and related academic research [46,47]. Regarding GD, this paper combined the “three circles model” proposed by Hu and Zhou, which emphasizes the interactions among economic, natural, and social systems [48], with other academic studies [49,50] to construct the GD evaluation index system. Given the data availability over the study period, along with robust measurement principles, panel data of a total of 21 basic variables were selected to assess the level of DE and GD from 2013 to 2021. These indicators are described in Table 1. The original values for the evaluation variables were primarily derived from the ‘China Statistical Yearbook’, ‘China Environmental Statistics Yearbook’, ‘China Energy Statistics Yearbook’ as well as provincial and municipal statistical yearbooks and relevant department bulletins. The digital inclusive financial index was obtained from the Digital Finance Research Center of Peking University.




2.2.2. Combined Assignment Method


Index empowerment is an important link in comprehensive evaluation. The entropy weight model (EWM) and criteria importance through inter-criteria correlation (CRITIC) method, as objective weighting methods, effectively eliminate the bias introduced by individual preferences in subjective weighting processes. The EWM relies on entropy to evaluate the informational content of indicators, guaranteeing objective weight allocation. CRITIC incorporates the conflict among indicators and their standard deviation, thereby offering a more holistic assessment of indicator importance [51]. Additionally, combined weighting methods have been widely applied across various fields in recent years and can effectively solve the problems of contradiction and poor differentiation in the evaluation results of the single assignment method [52]. Therefore, we opted to combine these two methods for weight determination. A comprehensive weight is calculated as follows:


   W j  =     w j 1  ×  w j 2      ∑  j = 1  m    w j 1  ×  w j 2       ,  



(1)




where the index weights    w j 1    and    w j 2    were calculated by the EWM and CRITIC model, respectively.



The principle of EWM is as follows. The initial data are standardized, with positive indices computed via Equation (1), and negative indices via Equation (2).


    x ′   i j   =     x  i j   −  x  min      x  max   −  x  min      ,  



(2)






    x ′   i j   =     x  max   −  x  i j      x  max   −  x  min      ,  



(3)




where    x  i j     denotes the statistics of province i for indicator j,   i = 1 , 2 , ⋯ , n  ,   j = 1 , 2 , ⋯ , m  .



The weight    w j 1    of indicator j:


   w j 1  =     h j      ∑  j = 1  m    h j       ,  



(4)






   h j  = 1 −  e j  ,  



(5)






   e j  = − K   ∑  i = 1  n    M  i j   ln  M  i j     ,  



(6)






   M  i j   =      x ′   i j       ∑  i = 1  n     x ′   i j        ,  



(7)




where K = ln(n)−1,    h j   ,    e j   , and    M  i j     denote the information entropy redundancy, the entropy value, and the characteristic weight, respectively.



Similarly, the principle of the CRITIC model is as follows, where the standard deviation    σ j    is used to express the comparability of indicator j:


   σ j  =        ∑  i = 1  n       x ′   i j   −    x ¯  ′  j        m − 1      ,  



(8)







Let the size of the contradiction between indicator j and the remaining indicators be:


   f j  =   ∑  i = 1  m     1 −  r  i j       ,  



(9)




where    r  i j     denotes the correlation coefficient between indicator i and indicator j.



The information carrying capacity of indicator j is calculated as    C j   :


   C j  =  σ j  ×  f j  ,  



(10)







The information carrying capacity of the indicators is normalized to obtain the CRITIC weights:


   w j 2  =     C j      ∑  j = 1  m    C j       ,  



(11)









2.3. Spatio-Temporal Characteristics Analysis


To analyze the spatio-temporal change characteristics of DE and GD quantitatively, spatial kernel density estimation and standard deviation ellipse (SDE) models were chosen. Compared with the traditional kernel density estimation, spatial kernel density estimation incorporates temporal and spatial factors and estimates the probability density function of state transitions in random processes. This approach allows for the accurate identification of change patterns using three-dimensional graphs and density contour maps of the dynamic variable distributions [53]. It can also be used to explore trends in various regions over time [54]. SDE is widely applied for measuring the spatial statistical distribution features of geographical elements as it visualizes the correlation and variability among variables, revealing the directional distribution, trends, and ranges of abstract point data [55]. The SDE model calculates the mean, variance, and covariance matrix of multivariate data to define an ellipse representing the dataset variability [56]. Key parameters including the centroid, major axis, minor axis, and orientation angle describe the spatial distribution characteristics of the study subject [57].



2.3.1. Spatial Kernel Density Estimation


Compared with the traditional kernel density estimation, spatial kernel density estimation provides a precise depiction through three-dimensional map and contour line density. The spatial kernel density is calculated using the Gaussian kernel function (Equation (12)):


  K  x  =   1    2 π      exp   −  x 2  / 2   ,  



(12)






  g   y | x   =    f   x , y     f  x     ,  



(13)






  f   x , y   =   1  N  h x   h y       ∑  i = 1  N      K x     X i  − x      h x    ×    K y     Y i  − x      h y      ,  



(14)




where   g   y | x     denotes the distribution of  y  under the condition of  x , and   f   x , y     denotes the joint kernel density function of  x  and  y . N represents the number of observations,  x  is the mean, and  h  is the bandwidth.




2.3.2. SDE Model


The SDE model delineates the spatial form through major and minor axes and the centroid distribution of the ellipse. The centroid coordinates, standard deviation, rotation angle for the x-axis and y-axis, and barycentric coordinates are calculated as follows:


   X =      ∑  i = 1  n    w i   x i        ∑  i = 1  n    w i       ,     Y =      ∑  i = 1  n    w i   y i        ∑  i = 1  n    w i        ,  



(15)






    σ x  =        ∑  i = 1  n        w i   x i *  cos θ −  w i   y i *  sin θ    2        ∑  i = 1  n    w i 2         ,      σ y  =        ∑  i = 1  n        w i   x i *  sin θ −  w i   y i *  cos θ    2        ∑  i = 1  n    w i 2          ,  



(16)






  tan θ =    A − B +       A − B    2  − 4 F     2   ∑  i = 1  n    w i 2   x i *   y i *       ,  



(17)






    x ¯  =      ∑  i = 1  n    x i  ×  w i        ∑  i = 1  n    w i       ,      y ¯  =      ∑  i = 1  n    y i  ×  w i        ∑  i = 1  n    w i       ,     i = 1 , 2 , ⋯ , n  ,  



(18)




where    X   ,    Y    represents the weighted average center of the barycentric coordinates   A =   ∑  i = 1  n    w i   x i  * 2      ,   B =   ∑  i = 1  n    w i   y i  * 2      ,   F =   ∑  i = 1  n    w i 2   x i  * 2    y i  * 2      ;      x i     ,      y i      denotes the barycentric coordinates of cell i;    x ¯  ,     y ¯   are the barycentric coordinates of the study object.



We analyzed the direction and distance of the centroid’s movement to determine the changing trend of the study object. The center of gravity travel distance and movement direction were calculated using the following formulas:


  D = G ×         x ¯   t + 1   −   x ¯  t     2  +       y ¯   t + 1   −   y ¯  t     2    ,  



(19)






  θ =  θ  t + 1   −  θ t  =   0.5 k × π + arctan E   ×      180  ∘   π   ,  



(20)




where  G  is a constant, and  D  denotes the distance traveled by the object in period t relative to period t + 1.   E =      y ¯   t + 1   −   y ¯  t      x ¯   t + 1   −   x ¯  t      , and  θ  denotes the angle of movement of the object examined in period t + 1 relative to period t.





2.4. Interaction Effect


Building on the vector autoregression (VAR) model, Holtz-Eakin et al. [58] introduced the panel vector autoregression (PVAR) model to accommodate the panel data analysis. The PVAR model offers several advantages including the ability to analyze all variables as endogenous, thereby addressing issues of endogeneity without the need to distinguish between endogenous and exogenous variables. Additionally, it overcomes the high time-series length requirement of the traditional VAR model, making it well-suited for shorter time spans. By treating all variables as endogenous, the PVAR model eliminates concerns over causality between variables. To determine the dynamic causality between the DE and GD, the PVAR model was utilized. Generalized method of moments (GMM) estimation was employed following smoothness testing for parameter estimation with impulse response and variance decomposition, then we explored the dynamic relationship. The specific formula is as follows:


   Y  i t   =  θ 0  +   ∑  j = 1  k    θ j   Y  i , t − j   +  γ i  +  ε  i t     ,  



(21)




where    Y  i t     denotes the column vector containing all endogenous variables of the model,    θ 0    is the intercept term,    θ j    represents the parameter matrix at lag order j,    γ i    denotes the fixed effect, and    ε  i t     is the random error.




2.5. Impact of the DE on GD


2.5.1. Univariate Time-Series Forecasting


Incorporating both linear and nonlinear elements, the univariate time-series forecasting involves constructing four regression models for prediction:


  y = a + b t ,  



(22)






  y = a +   b t   ,  



(23)






  y = a  b t  ,  



(24)






  y = a  e  b t   ,  



(25)




where  t  represents time. According to the principle of the minimum residual sum of squares, one of the above models is selected for prediction.




2.5.2. RBF Kernel  ε -SVR Model


The SVR model, introduced by Drucker et al. [36], presents an adept machine learning method for small-sample learning. It effectively addresses nonlinear regression challenges through the utilization of the kernel trick. The following  ε -SVR model was utilized to address a small sample nonlinear problem of this study.



Training set data:


   T =      x 1  ,  y 1    , ⋯    x i  ,  y i    , ⋯ ,    x n  ,  y n      ,      x i  ∊  R m  ,      y i  ∊ R ,     i = 1 , 2 , ⋯ n  ,  



(26)




where    x i    is the input vector and    y i    is the output value.



The linear expression on    R m    is set to be:


  f  x  = ω x + b ,  



(27)




where   ω ∈  R m    is the weight vector and   b ∈ R   is the bias.



The problem of solving   f  x    can be transformed into the following formula optimization problem:


  f = min   1 2      ω   2  + C   ∑  i = 1  n      ξ i  +   ξ ^  i      ,  



(28)






    y i  − f    x i    ≤ ε +   ξ ^  i  ,     i = 1 , 2 , ⋯ n  ,  



(29)






   f    x i    −  y i  ≤ ε +  ξ i  ,     i = 1 , 2 , ⋯ n  ,  



(30)






    ξ i  ,       ξ ^  i  ≥ 0 ,     i = 1 , 2 , ⋯ n  ,  



(31)




where  C  represents the penalty parameter. Equations (29)–(31) are constrains. The insensitive loss function is denoted as  ε .



Under the Karush–Kuhn–Tucker (KKT) condition of linear programming, the original problem is equivalent to the dual problem through the application of Lagrangian duality:


  f = max   ∑  i = 1  n    y i      a ^  i  −  a i      − ε   ∑  i = 1  n       a ^  i  +  a i      −   1 2     ∑  i = 1  n     ∑  j = 1  n       a ^  i  −  a i        a ^  j  −  a j     x i   x j      ,  



(32)






   s . t .   ∑  i = 1  n      a i  −   a ^  i      = 0 ,     0 ≤   a ^  i  ,       a ^  i  ≤ C ,     i = 1 , 2 , ⋯ n  ,  



(33)




where  a  and     a ^  i    are Lagrange multipliers.



The corresponding linear regression model is:


  f  x  =   ∑  i = 1  n       a ^  i  −  a i     x i  x   + b ,  



(34)







To address nonlinear problems, a kernel function   K    x i  ,  x j      is introduced to expand the capabilities of linear support vector regression into nonlinear support vector regression.


  f = max   ∑  i = 1  n    y i      a ^  i  −  a i      − ε   ∑  i = 1  n       a ^  i  +  a i      −   1 2     ∑  i = 1  n     ∑  j = 1  n       a ^  i  −  a i        a ^  j  −  a j    K    x i  ,  x j        ,  



(35)






   s . t .     ∑  i = 1  n      a i  −   a ^  i    = 0 ,       0 ≤   a ^  i  ,     a ^  i  ≤ C ,     i = 1 , 2 , ⋯ n  ,  



(36)







The corresponding nonlinear regression model is:


  f  x  =   ∑  i = 1  n       a ^  i  −  a i    K   x ,  x i      + b ,  



(37)







The sample space comprises the three DE level indicators as the input space and the GD level as the output space. The methodology encompasses specific steps:




	
To eliminate dimensional effects, the sample space constrains all sample data values within [0, 1].



	
The training set is formed by randomly selecting m samples, while the remaining n-m samples constitute the test set. Selecting the radial basis kernel function:   K   x ,   x ′  i    = exp   − γ     x −   x ′  i     2     , the insensitive loss function  ε ’s initial value is set. The optimal penalty parameter  C  and the kernel function parameter  γ  are ascertained through grid search and cross-validation, while the mean square error (MSE) is the evaluation metric.



	
Learning from the training set data, the optimal solution and regression function   f  x    of the model are obtained, which are utilized with the sample data to derive the fitted values. Subsequently, the model’s fitting and generalization capabilities are then determined by correlation coefficients, which are obtained by linearly regressing between the fitted values and measured values.



	
Following the normalization of factors  x , affecting the GD level, they are fed into the optimal regression function   f  x   . The output is then back-normalized in accordance with Equation (38), resulting in the predicted value of the GD level.


    y t  = f     x ′  t      max  y i  − min  y i    + min  y i  ,     i = 1 , 2 , ⋯ n  ,  



(38)















3. Results


3.1. Spatio-Temporal Characteristics of DE and GD


3.1.1. Comprehensive Evaluation of DE and GD Level


The comprehensive assignment method was utilized to measure the levels of both the DE and GD during 2013–2021. ArcGIS was then used to map the spatial distribution characteristics in 2013, 2017, and 2021 (see Figure 1 for details, where the grey areas denote the unaccounted regions). The results showed that China’s provincial DE development levels ranged from 0.015 to 0.754, while the GD levels spanned from 0.026 to 0.671, indicating substantial disparities among provinces. The DE development level showed an upward trend, while the spatial pattern of GD remained relatively stable. Provinces with higher development levels were concentrated in the eastern coastal area, favored by more favorable geographical conditions. In contrast, provinces situated in the western region with poor location conditions, like Xinjiang and Qinghai, exhibited lower development levels.




3.1.2. Dynamic Distribution Evolution of DE and GD Level


After employing the unconditional kernel density estimation, the dynamic distribution evolution and convergence tendencies of the DE and GD were analyzed. Figure 2 illustrates the unconditional kernel density and contours for the DE level during the periods 2013–2017 and 2017–2021. The relatively sparse contour lines clustered above the 45° diagonal line, indicating a singular peak, which suggests that the DE level experienced an upward trend from 2013 to 2017, accompanied by regional fluctuations (Figure 2a). Contour lines converged toward the 45° diagonal, yielding two crests during 2017–2021, pointing to a continued upward trend in the level that approached stability in this period (Figure 2b). Similarly, Figure 3 presents the unconditional kernel density and contours accordingly for the GD level during 2013–2017 and 2017–2021. Contour lines, concentrated along the 45° diagonal and a total of two peaks, signified that the GD level maintained relative stability from 2013 to 2017 (Figure 3a). During 2017–2021, in comparison, the contours diverged from the 45° diagonal with a consistent crest count, indicating a gradual upward trend in the level (Figure 3b).




3.1.3. Spatio-Temporal Dynamic Evolution


ArcGIS was utilized to map the standard deviation ellipse and the centroid’s displacement trajectory for the DE and GD levels during 2013–2021 (Figure 4), and the standard deviation ellipse parameters were calculated to quantitatively depict the evolution trend (Table 2 and Table 3). From 2013 to 2021, the centroids of the standard deviation ellipse for the DE were concentrated within Henan Province. During this period, the major axis of the standard deviation ellipse remained relatively unchanged, while the minor axis increased by 13.68% up to 2020. This expansion was primarily attributed to forces from the northwest, indicating a tendency of dispersion in DE development. In 2021, a contraction was observed toward the southeast direction compared to 2020, resulting in slight reductions in both the major and minor axes, indicative of a greater impact of financial shock on the northwest region. Likewise, the centroids of the standard deviation ellipse for GD were concentrated within Henan Province throughout the study period. Although there was only a slight change in the major axis from 2013 to 2019, the minor axis expanded by 27.37%, implying a stronger expansion power for cities located in the southeastern and northwestern regions, signaling a decentralized trend in GD. It is worth noting that in 2014, a significant expansion was observed in both the southeast and northwest directions. Subsequently, the standard deviation ellipse showed a contraction pattern in 2020 and 2021. The overall pattern remained stable with a slightly decrease in the major and minor axes.





3.2. Interaction Between DE and GD


To avoid spurious regression, a unit root test was performed for the DE and GD levels by using two methods: Levin–Lin–Chu (LLC) and Im–Pesaran–Shin (IPS) (Table 4). These models passed the 5% significance level, confirming data stationarity.



The optimal lag order was determined to be 1 via the Akaike information criterion (AIC), Bayesian information criterion (BIC), and Hannan–Quinn information criterion (HQIC) (Table 5).



Following the identification of the lag order, GMM estimation was conducted. The results indicated a significant dynamic relationship between the DE and GD. Specifically, the DE with lagged one-period positively impacted both itself and the GD. Furthermore, the GD with lagged one-period exhibited a positive influence on itself, but failed to exert a substantial impact on the DE (Table 6).



To further examine the dynamic link between the DE and GD, an impulse response analysis was undertaken. Impulse responses for a six-period lag of variables were obtained at a 95% confidence level.



The impulse response analysis revealed the following three aspects:




	
The DE responded positively to its own shocks, with a rapid initial response that gradually diminished over time. The GD reacted positively to its own shocks, with the response continuously decreasing over time, transitioning from a positive response to a negative response.



	
Initially, the GD negatively impacted the DE. However, it transformed into a relatively stable positive impact over time.



	
Initially, the DE had no significant impact on the GD, but it later turned into a negative impact.








Variance decomposition offers insights into the contribution of structural shocks from each variable to the volatility of a specific variable. The results in Table 7 show the variance decomposition results for DE and GD. From period 10 onward, the variance decomposition values tended to stabilize, which implies that mutual contributions of variables achieved favorable stability by that juncture. The results in period 20 showed that the contribution of the DE to itself and GD reached 79% and 21%, respectively. Similarly, the GD’s contribution to itself and the DE was 82% and 18%, respectively, indicating a mutually interdependent relationship between these variables.




3.3. Regional Heterogeneity Analysis


Regional heterogeneity analysis is significant given the differences in economic scale and resource endowments across various regions in China. To further elucidate the dynamic relationship between the digital economy and green development, we organized the sample into eastern, central, and western regions for impulse response analysis. The modeling steps remained consistent with the previous approach.



3.3.1. Eastern Region


As shown in Table 8, both the DE and GD levels in the eastern region passed the unit root tests, allowing for PVAR estimation with a lag order of 1. After constructing the model using GMM estimation, we conducted impulse response analysis to explore the dynamic relationship between the two variables, as illustrated in Figure 5.



The DE exhibited a positive feedback response to its own shocks, reaching its peak impact in the current period, which gradually diminished over time. This suggests that the DE relies on its own inertia for development, although this influence weakened as time progressed. In terms of GD, the initial impact of the DE was zero, but it quickly shifted to a negative effect. By the second period, this negative impact diminished and began to evolve toward a positive influence. This indicates that GD initially experiences a suppression due to the shocks from the digital economy, but over time, the negative impact gradually weakens. Simultaneously, the response of GD to its own shocks is initially the most pronounced, but subsequently shifts from positive to negative. This change suggests that while green development can effectively enhance itself in the early stages, it may encounter internal challenges as time progresses. Notably, the impact of GD on the DE displayed an opposite trend to that of its own shocks: it began with a negative influence but shifted to a positive impact from the first period onward. This reflects the complex interplay between the two variables.




3.3.2. Central Region


Similarly, both the DE and GD levels in the central region passed the stability tests, allowing for PVAR estimation. The optimal lag order was determined to be 1, based on three criteria. After constructing the model using GMM estimation, we conducted an impulse response analysis to explore the dynamic relationship between the two variables (Figure 6).



In the central region, the trends of the DE’s own shocks, its impact on GD, and the GD’s impact on the DE aligned with those observed in the eastern region. This result also indicates a clear reliance on inertia in the development of the DE, reflecting its intrinsic driving force. Additionally, GD initially faced suppression due to the growth of the DE, illustrating the complex interaction between the two. Moreover, although the impact of GD on itself gradually diminished, its shock effect remained consistently positive. This suggests that despite the challenges, GD retains the potential for sustainable progress and can continuously adjust and optimize its development trajectory. Such a positive feedback mechanism lays a solid foundation for the future sustainable development of the region.




3.3.3. Western Region


The original sequence of variables in the western region failed to fully pass the unit root test, prompting the use of the Kao test to examine the long-term equilibrium relationship between the two variables. The results indicate that the ADF test of the residuals yielded a p-value of 0.0000, confirming the existence of this relationship. Consequently, the PVAR estimation could be performed. The optimal lag order was determined to be 5. After constructing the model using GMM estimation, we conducted an impulse response analysis to explore the dynamic relationship between the two variables, as illustrated in Figure 7.



The impulse response characteristics in the western region differed significantly from those in the other two regions. Firstly, a complex response of the DE to its own shocks was observed, transitioning from positive to negative and back to positive, indicating inherent instability in its development. Secondly, regarding the impact of the DE on GD, an initial response of zero was noted, followed by a negative response that only began to show a positive influence after the fourth period. This reflects the lagged effect of the DE on GD. Additionally, a slight shift from negative to positive in the response of the DE to GD was experienced in the early stages, but a significant decline was observed by the fifth period, suggesting a more pronounced suppressive effect of the DE on GD at certain stages. Finally, the response of GD to its own shocks initially showed a positive impact, which gradually diminished over time, eventually turning negative after the fourth period. This indicates that internal challenges may be faced by GD as time progresses.





3.4. Forecast of GD Levels


For the DE levels across 30 provinces in China from 2022 to 2023, univariate time-series forecasting models were deployed, yielding the predicted values. The graphical representation (Figure 8) illustrates the trend in DE levels from 2020 to 2023. The results indicated a dip in the level for 2021 compared to 2020, followed by a consistent recovery in 2022 and 2023.



Following the steps of the RBF kernel  ε -SVR prediction model, the sample data underwent normalization. From this normalized dataset, a training set of six years’ data was randomly selected, with the remaining data comprising the test set. The initial value of the parameter  ε  was set to 0.01. Grid search and 5-fold cross-validation were employed to optimize the penalty parameter  C  and the kernel function parameter  γ . Both  C  and  γ  were varied within the range of [2−10, 210], with a grid width of 0.2. The system searched for a set of hyperparameters that minimized the training error within the training set.



The predictive performance was gauged by the correlation coefficients between the fitted values and actual values (Figure 9). For the training set, over 56.7% of R2 values surpassed 0.9, with the remainder exceeding 0.7. In the test set, 73.3% of the R2 values surpassed 0.8, except for one coefficient at 0.679, with others ranging from 0.7 to 0.8. The training and test sets exhibited a good level of fit.



The GD levels for the 30 provinces were individually forecasted, yielding the predicted values for each province in 2022 and 2023. The changes in the GD levels from 2021 to 2023 are presented in Figure 10. The results revealed that 22 provinces showed a declining trend in 2022, followed by a rebound in 2023, accounting for 73.3% of the total. Eight provinces experienced a continuous upward trend in the GD levels from 2022 to 2023. Notably, Henan Province displayed a decreasing trend in the GD levels from 2021 to 2023.





4. Discussion


4.1. Complex Relationship Between DE and GD


Our research findings indicate that both the DE and GD levels in China are steadily improving, aligning with the results in [49,59]. The DE, as a new economic form, serves as a crucial driving force for enhancing efficiency and optimizing economic structures. Meanwhile, GD paves the way to sustainable development, inseparable from enhancing the industrial structure and improving allocation efficiency. Therefore, green sustainable development is intrinsically linked to the advancement of the DE.



A substantial body of research indicates that the DE significantly enhances GD [60,61,62]. This phenomenon can be attributed to the DE’s ability to facilitate green production through industrial transformation [63] and improve ecological quality and living standards through effective digital governance [64], ultimately achieving green and sustainable development. Nevertheless, our findings indicate that the initial effect of the DE on GD is negative. However, this impact gradually diminishes over time. Regional consistency is demonstrated by this trend, with the notable exception that, in the later stages, a positive impact is observed in the western region. A plausible explanation for this phenomenon is that the early development of the DE contributes to increased production scales, which in turn leads to higher carbon emissions that negatively impact GD. As technological advancements and the implementation of green technologies expand, the positive and negative effects start to counterbalance each other. Furthermore, disparities in resources and policies across various regions also play a significant role in shaping this outcome.



Additionally, the influence of GD on the DE is shown to follow a consistent trend of transitioning from negative to positive across the eastern, central, and western regions. In this process, a significant role may be played by green technological innovation, as it is regarded as a critical mediating mechanism in the facilitation of high-quality GD by the DE. Initially, considerable capital investments are necessitated by technological innovations, and a substantial time frame is required before practical application, which may result in adverse impacts on the DE during the early stages. As technologies mature and are effectively implemented, continued growth in market demand for these innovations is observed. Moreover, the dynamic is further shaped by policies that actively promote high-quality GD. Collectively, renewed vitality is injected into the advancement of the digital economy by these factors.



Given the complex relationship between the DE and GD, our analysis using a machine learning prediction model revealed a consistent trend of lagged effects between the two. This finding further underscores their close interconnection and reaffirms the results of our study.




4.2. Lessons and Suggestions


Although both the DE and GD levels exhibited an overall upward trend from 2013 to 2021, several issues remain unresolved. (1) Significant spatial disparities exist between the eastern and central-western regions in terms of DE and GD levels as well as their adaptability to financial shocks. (2) The DE has exerted a negative impact on GD, although this effect has gradually diminished. (3) The diffusion and application of technological innovations have lagged, potentially limiting the growth of the DE and hindering its contribution to GD. Based on the results of this study, the following recommendations are proposed.



Short-term policy recommendations: The government could reduce regional disparities through financial subsidies and the establishment of special funds. On the one hand, the central and western regions could be aided in speeding up infrastructure development, facilitating technology introduction, and advancing industrial upgrading to support the growth of the DE. On the other hand, the central-western regions could be aided in speeding up infrastructure development, facilitating technology introduction, and advancing industrial upgrading to support the growth of the DE. This would help enterprises reduce costs in technology R&D and application. By rapidly investing in green technologies, the short-term negative impact of the DE on GD could be mitigated.



Medium-term policy recommendations: Building on improved infrastructure, the government could further promote green financial instruments to enhance corporate enthusiasm for green transition. Moreover, relevant laws and regulations should be strengthened by the government. This would ensure the widespread adoption of technological innovation and its application. For instance, more detailed carbon emission standards and regulations for green technology applications should be established.



Long-term policy recommendations: Coordinated regional development should be promoted by the government, and effective mechanisms should be established to balance resource allocation and policy support. Simultaneously, businesses should be encouraged to adhere to a commitment to GD while fostering the DE. Furthermore, a comprehensive monitoring and evaluation system could be established. Policies can be continuously adjusted based on the monitoring results to ensure the coordinated and sustainable development of the DE and GD.



Although this study was based on data from China, the policy recommendations proposed have broad applicability and provide significant references for regions with similar development conditions and policy goals. Policies should be tailored to local conditions to address the regional disparities between the DE and GD. For instance, in regions with significant economic disparities (e.g., Latin America), optimizing resource allocation to narrow the regional gaps between the DE and GD can effectively promote coordinated growth. Emerging economies actively advancing digital transformation (e.g., India and Indonesia) should employ policy interventions to mitigate potential negative impacts during the initial stages of digitalization such as promoting green technologies and strengthening environmental governance mechanisms. Furthermore, the finding that the sustained impact of the digital economy on green development involves a lag serves as a warning to nations focused on short-term gains while neglecting long-term policy impacts. This indicates the necessity of designing long-term policies to prevent short-term profit motives from compromising green development goals.




4.3. Advantages and Limitations


In our study, the combined assignment method was utilized to measure the levels of the DE and GD, while the RBF kernel  ε -SVR was employed to predict the GD levels. The combination assignment method takes into account indicator variability and correlation, addressing the limitations of the entropy weight method. The prediction model overcomes issues like overfitting and fuzzy nonlinear relationships. Previous research has focused more on mechanism testing, but this study verified the sustainable role of the DE in promoting GD by predicting future levels.



While this study offers valuable insights into the relationship between the DE and GD, there are several limitations to acknowledge. First, due to data availability and the lack of a unified indicator standard, the selected indicators may not have fully captured the subject, leading to conservative estimates. Additionally, although the relationship between the overall DE and GD in China was examined, the spatial variability was not thoroughly investigated. Future research could address these limitations by improving the indicator selection, incorporating more micro-level data, and further exploring the spatial heterogeneity of DE and GD.





5. Conclusions


Assessments of the integral development and interrelationship of DE and GD are essential for enhancing digital standards, accelerating green transformation, and promoting deep integration. In this study, the spatio-temporal evolution of provincial DE and GD in China and their interactions were determined by combining the comprehensive assignment method, unconditional spatial kernel density estimation method, standard deviation ellipse model, and PVAR model. Additionally, by combining univariate time series and RBF kernel ε-SVR prediction models, the DE and GD levels were predicted to further explore their sustainable effects. Our results showed that DE and GD levels experienced an overall increase in China, with uneven regional development. A significant dynamic relationship between the DE and GD levels emerged, with their mutual contributions increasing over time. The initial effect of the DE on GD is negative. However, this impact gradually diminishes over time. Additionally, the influence of GD on the DE was shown to follow a consistent trend of transitioning from negative to positive across the eastern, central, and western regions. These results enhance our understanding of the dynamic changes in DE and GD as well as their interplay. These conclusions could guide government policies to promote sustainable development for both DE and GD.
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Figure 1. Spatial distribution of the DE and GD levels in 2013, 2017, and 2021. (a) Spatial distribution of the DE level in 2013, 2017, and 2021. (b) Spatial distribution of the GD level in 2013, 2017, and 2021. 
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Figure 2. Spatial kernel density and density contours of the DE level in different periods. (a) Spatial kernel density and density contours of the DE level in 2013–2017. (b) Spatial kernel density and density contours of the DE level in 2017–2021. 
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Figure 3. Spatial kernel density and density contours of the GD level in different periods. (a) Spatial kernel density and density contours of the GD level in 2013–2017. (b) Spatial kernel density and density contours of the GD level in 2017–2021. 
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Figure 4. Standard deviation ellipse and gravity center shifted the trajectory of the DE and GD levels from 2013 to 2021. (a) Standard deviation ellipse and gravity center shifted the trajectory of the DE level from 2013 to 2021. (b) Standard deviation ellipse and gravity center shifted the trajectory of the GD level from 2013 to 2021. 
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Figure 5. Impulse response function in the eastern region. (a) Impulse response function of DE to DE. (b) Impulse response function of DE to GD. (c) Impulse response function of GD to DE. (d) Impulse response function of GD to GD. (The black solid line is an impulse response curve that reflects the response effect of the variable to an impact, and the upper and lower black dashed lines represent confidence intervals of two standard deviations, estimates of 95% and 5% quantiles, respectively. The red dashed line represents the position where the response level is 0. The same is true for other impulse response graphs). 
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Figure 6. Impulse response function in the central region. (a) Impulse response function of DE to DE. (b) Impulse response function of DE to GD. (c) Impulse response function of GD to DE. (d) Impulse response function of GD to GD. 
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Figure 7. Impulse response function in the western region. (a) Impulse response function of DE to DE. (b) Impulse response function of DE to GD. (c) Impulse response function of GD to DE. (d) Impulse response function of GD to GD. 
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Figure 8. Change in the 2020–2023 provincial DE level. 
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Figure 9. Results of the linear regression correlation coefficients between the training set and test set in each province. 
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Figure 10. Changes in the GD level in provincial areas from 2021 to 2023. 
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Table 1. Evaluation index system of the DE and GD.
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Purpose

	
First-Grade Index

	
Basic Index

	
Indicator

Attribute






	
DE level

	
Infrastructure

	
Length of long distance optical cable lines (104 kilometers)

	
+




	
Internet broadband access port (104 units)

	
+




	
Mobile telephone exchange capacity (104 households)

	
+




	
Number of Internet CN domain names (104 units)

	
+




	
Digital Industrialization

	
Employed in information transmission, software, and information technology services (104 people)

	
+




	
Total telecommunication services per capita (yuan/people)

	
+




	
Revenue from software operations (102 million RMB)

	
+




	
Digital Vision of Traditional Industries

	
Number of listed companies in e-commerce business (single)

	
+




	
Enterprise e-commerce sales (102 million RMB)

	
+




	
Digital inclusive finance index (%)

	
+




	
GD level

	
Green Manufacturing

	
Industrial water consumption per unit of GDP (104 tons/102 million RMB)

	
−




	
Industrial SO2 emissions per unit of GDP (ton/102 million RMB)

	
−




	
Comprehensive utilization rate of industrial solid waste (%)

	
+




	
Energy consumption per unit of GDP (10 thousand tons of standard coal/104 RMB)

	
−




	
Green Living

	
Harmless treatment rate of domestic waste (%)

	
+




	
Domestic water consumption (102 million cubic meters)

	
−




	
Number of urban buses operated (classifier for wheeled vehicles)

	
+




	
Green Eco-Systems

	
Rate of forest cover (%)

	
+




	
Greening coverage in built-up areas (%)

	
+




	
Wetland area (thousand hectares)

	
+




	
Water resources possession (102 million cubic meters)

	
+








Note: + represents a positive indicator, − represents a negative indicator.













 





Table 2. Standard deviation ellipse and gravity center parameters of the DE level of China from 2013 to 2021.
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	Year
	Area/km2
	Barycentric Coordinates
	Offset Direction
	XStdDist/km
	YStdDist/km
	Rotation/°





	2013
	3,068,315
	33°25′ N, 114°20′ E
	
	887,281
	1,100,811
	20°02′



	2014
	3,078,623
	33°19′ N, 114°13′ E
	South by West
	893,407
	1,096,935
	20°47′



	2015
	3,081,675
	33°20′ N, 114°05′ E
	North by East
	901,213
	1,088,511
	21°29′



	2016
	2,941,301
	33°06′ N, 114°11′ E
	South by East
	871,932
	1,073,818
	19°21′



	2017
	3,071,287
	33°06′ N, 113°53′ E
	North by West
	895,944
	1,091,222
	20°36′



	2018
	3,213,774
	33°14′ N, 113°19′ E
	North by West
	932,783
	1,096,750
	22°48′



	2019
	3,382,203
	33°18′ N, 112°51′ E
	North by West
	977,128
	1,101,846
	24°05′



	2020
	3,493,508
	33°24′ N, 112°32′ E
	North by West
	1,008,721
	1,102,461
	27°39′



	2021
	2,928,314
	32°59′ N, 113°52′ E
	South by East
	883,969
	1,054,518
	19°32′










 





Table 3. Standard deviation ellipse and gravity center parameters of the GD level of China from 2013 to 2021.






Table 3. Standard deviation ellipse and gravity center parameters of the GD level of China from 2013 to 2021.














	Year
	Area/km2
	Barycentric Coordinates
	Offset Direction
	XStdDist/km
	YStdDist/km
	Rotation/°





	2013
	3,147,868
	32°57′ N, 113°32′ E
	
	812,069
	1,233,963
	28°44′



	2014
	3,763,364
	33°08′ N, 112°40′ E
	North by West
	1,003,789
	1,193,458
	31°37′



	2015
	3,739,665
	32°58′ N, 112°40′ E
	South by East
	1,006,754
	1,182,448
	31°14′



	2016
	3,741,504
	32°54′ N, 112°39′ E
	South by West
	1,008,210
	1,181,322
	30°38′



	2017
	3,803,001
	32°54′ N, 112°27′ E
	North by West
	1,025,852
	1,180,089
	33°50′



	2018
	3,859,123
	33°00′ N, 112°21′ E
	North by West
	1,031,009
	1,191,514
	36°10′



	2019
	3,889,738
	32°59′ N, 112°26′ E
	South by East
	1,034,359
	1,197,076
	34°34′



	2020
	3,748,947
	32°58′ N, 112°26′ E
	South by West
	1,006,145
	1,186,101
	34°19′



	2021
	3,713,172
	33°08′ N, 112°31′ E
	North by East
	1,003,245
	1,178,179
	34°00′










 





Table 4. Unit root test for the DE and GD levels (LLC and IPS).
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Variable

	
Test Methods

	
Result




	
LLC

	
IPS






	
DE Levels

	
0.00

	
0.01

	
Smooth




	
GD Levels

	
0.00

	
0.01

	
Smooth











 





Table 5. Results of hysteresis order selection.






Table 5. Results of hysteresis order selection.





	Lagging Order
	AIC
	BIC
	HQIC





	1
	−7.88 *
	−6.86 *
	−7.47 *



	2
	−3.76
	−2.55
	−3.27



	3
	−6.64
	−5.20
	−6.06



	4
	−7.65
	−5.88
	−6.93



	5
	−7.64
	−5.42
	−6.75







Note: * denotes the optimal lag order chosen in this criterion.













 





Table 6. GMM estimation results of the panel vector autoregression model.






Table 6. GMM estimation results of the panel vector autoregression model.





	
Explanatory Variables

	
Explained Variables




	
DE Levels

	
GD Levels






	
L1_DE Levels

	
0.89 ***

	
0.06 ***




	
L1_GD Levels

	
−0.69

	
0.57 ***








Note: L1 denotes lagged one-period and the superscript *** represents significant at 5 the % significance level.













 





Table 7. Variance decomposition of the prediction errors.






Table 7. Variance decomposition of the prediction errors.





	
Lagging Order

	
Forecast Period

	
Impact Variables




	
DE Levels

	
GD Levels






	
DE Levels

	
1

	
1.00

	
0.00




	
5

	
0.5

	
0.15




	
10

	
0.80

	
0.20




	
15

	
0.79

	
0.21




	
20

	
0.79

	
0.21




	
GD Levels

	
1

	
0.05

	
0.95




	
5

	
0.11

	
0.89




	
10

	
0.18

	
0.83




	
15

	
0.18

	
0.82




	
20

	
0.18

	
0.82











 





Table 8. Unit root test for the DE and GD levels in the eastern, central, and western regions (LLC and IPS).






Table 8. Unit root test for the DE and GD levels in the eastern, central, and western regions (LLC and IPS).





	
Variable

	
Test Methods

	
Result




	
LLC

	
IPS






	
DE Levels (East)

	
0.00

	
0.08

	
Smooth




	
GD Levels (East)

	
0.00

	
0.00

	
Smooth




	
DE Levels (Central)

	
0.00

	
0.10

	
Smooth




	
GD Levels (Central)

	
0.00

	
0.08

	
Smooth




	
DE Levels (West)

	
0.00

	
0.36

	
Unsmooth




	
GD Levels (West)

	
0.00

	
0.10

	
Smooth
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